An interatomic potential for Al-Tb alloy around the composition of Al90Tb10 was developed using the deep learning method with DeePMD-kit package. The atomic configurations and the corresponding total potential energies and forces on each atom obtained in the ab initio molecular dynamics (AIMD) simulations are collected to train a deep neural network model to construct the interatomic potential for Al-Tb alloy. We show the obtained deep neural network model can well reproduce the energies and forces calculated by AIMD. MD simulations using the neural network interatomic potential also describe the structural and dynamical properties of Al90Tb10 liquid well, such as the partial pair correlation functions, the bond angle distribution, and the time dependence of mean-square displacement, in comparison with the results from AIMD. Furthermore, the developed neural network interatomic potential predicts the formation energies of crystalline phases of Al-Tb system with the same accuracy as ab initio calculations. The structure factor of Al90Tb10 metallic glass obtained by MD simulation using the developed neural network interatomic potential is also in good agreement with the experimental X-ray diffraction data.
I. Introduction
Aluminum-rare-earth (Al-RE) binary alloys with Al-rich composition (about 90 at. % Al) can form metallic glasses by rapid quenching from the liquid state [1] . It has been shown that these Al-rich Al-RE alloys have very high strength-to-weight ratio owing to a high proportion of light weight Al [2] [3] [4] . However, Al-RE alloys belong to marginal glass-forming alloys which usually have high density of nanocrystals in their solid samples [1, 5] . Moreover, the stable as well as metastable Al-based intermetallics vary across lanthanide series [1, [6] [7] [8] .
In order to understand the microscopic mechanisms of phase formation and competition in these complex alloys, the knowledge of short to medium range orders in liquid and undercooled liquid at atomistic level and the corresponding time evolution of atomistic structure during solidification/devitrification of Al-RE alloys are critical.
Investigation of the atomistic structural difference among these binary alloys will provide us an insight to further tune these alloys for better properties and glass-form ability.
We note that while most interest has been in the use of the light RE (e.g., Al-Ce [8] ), the heavy RE have not been investigated as well, except for Al-Sm system at the composition around Al-90 atom% where both experimental studies and MD simulations using empirical interatomic potential have been reported [9] [10] [11] . By contrast, interatomic potentials and reliable structural analyses for the other Al-RE alloys (e.g., Al-Tb) are still lacking. Although ab initio calculations can offer high accuracy of interatomic interactions for all Al-RE alloys, it only deals with up to hundreds of atoms with hundreds of picoseconds simulation time due to the limit of computational cost. Therefore, it is difficult for the ab initio calculation to investigate the long-time relaxation and other glass transition phenomena such as phase competition during solidification, which is a key to understand the metallic glass formation.
Recently, a deep learning method [12, 13] with neural network model for manybody interatomic interactions has been developed and would satisfy both desirable accuracy and acceptable computational cost. This deep learning software package called DeePMD-kit [14] uses the total potential energies, forces on each atom, and virial for a set of atomic configurations from ab initio calculations as training data for machine learning. After the training process, the obtained deep neural network model is not only able to accurately reproduce the potential energies and forces of original training data set, but also accurately predicts structural and dynamical properties of the materials being modeled. This advantage makes the deep learning method suitable for studying solidification and devitrification of alloy systems because the new structural order may emerge during these phase transitions. Moreover, the interatomic potential from the trained deep neural network model can be used in standard LAMMPS package [15] to perform MD simulations. The computational cost of this MD simulations with deep neural network interatomic potential scales linearly with system size, which allows us to investigate the long rang correlations and long-time relaxations in metallic glass systems.
In this paper, development of interatomic potential for Al-Tb Alloys by the deep learning method is described. In order to enhance the sampling space, the training data set is comprised of liquid Al90Tb10, pure Al and Tb liquids, and various crystalline phases of pure Al, and pure Tb as well as Al-Tb binary compounds (see Table. 1). The potential energies and forces of training data set are calculated using VASP [16, 17] .
Then the accuracy of the obtained deep interatomic potential is tested by comparison the LAMMPS results with ab initio calculations and experiments.
The rest of paper is organized as follows. In Sec. II, we will present the detail of AIMD simulations to generate the data set for neural network model training. In Sec.
III, we will show the parameters of deep learning process. In Sec. IV, we will demonstrate the reliability of obtained deep potential. Finally, summaries and conclusions are given in Sec. V.
II. Preparation of training data for deep potential learning
The training data set is critical for the success of the neural network machine learning to generate accurate interatomic potentials for reliable MD simulations of systems that we are interested in. are taken as the initial structures of simulation for the following isothermal process.
These initial configurations are relaxed isothermally for 90ps at the above nine different temperatures, respectively. Then, we randomly collected 240,000 snapshots (including the total potential energies, forces on each atom, and atomic configurations) from all the trajectories in the isothermal process of the AIMD simulations to train the deep potential model. At the same time, 30,000 different snapshots are collected as the validation data set for the deep potential model obtained from the neutral network learning.
In experiment, phase separated fcc Al has been observed in the as-quenched Al-Tb glass [20] . In order to ensure that the deep potential can handle correctly possible phase separation, we also add the snapshots of the pure Tb crystalline phases, we also include the known crystalline phases of Al-Tb alloy which covered the whole composition range, i.e., Al17Tb2 [21] , Al4Tb [22] , Al3Tb [23] , Al2Tb [24] , AlTb [25] , Al2Tb3 [26] , Al2Tb [27] and AlTb3 [28] , to the training data set.
For each of these crystalline phases, the snapshot structures were generated in the same way as that used for Al and Tb crystalline structures described above. Similarly, 2000 snapshot structures from AIMD simulations for each compound are included in the training data set and another 200 snapshots are used for the validation data set.
The overall information of training and validation data set are summarized in Table   1 . All the energies and forces of the structures in the training and validation data sets are calculated by VASP package. The projector-augmented-wave (PAW) method [29] is used to describe the core-valence electron interaction. The generalized gradient approximation (GGA) in the Predew-Burke-Ernzerhof (PBE) form [30] is used for the electronic exchange and correlation potential. The default energy cutoff for the plane wave basis set from PBE potential is used and only the gamma point is used to sample the Brillouin zone in all AIMD simulations.
III. Training the deep neural network model
In the present study, the Potential-Smooth version of DeePMD-kit software package [13] is used to train the deep neural network. It has demonstrated this deep learning method is very robust in developing interatomic potentials for MD simulation studies of liquid, crystalline bulk structures and organic molecules [13, 31] . The
DeePMD-kit will learn how the potential energies and forces of an atom depended on its local environment within a cutoff radius. In this study, the radial cutoff is taken as system, which are identified by GA search [34, 35] . These structures of crystalline phases are valuable testing targets to see if the obtained deep potential still has ability of predicting the formation energies as well. We calculated the formation energies of Al82Tb10 (big tetra structure), Al120Tb22 (big cubic structure) and Al5Tb (big hex structure) metastable phases in which the Al composition is close to 90%. As shown in sample is equilibrated at 1174K for 30ps. Then MD trajectories in the subsequent simulation of 30ps at the same temperature are collected to calculate S(q). Fig. 8(a) shows the calculated and experimental total structure factor of Al91Tb9 liquid at T=1174K. As one can see in Fig. 8(a) , the first and second peak of S(q) from DeePMD agree well with the experimental data, except that there are some deviations around the first minimum. In addition, the height of pre-peak from DeePMD is higher than that of experimental data. The glass MD sample of Al90Tb10 (4500 Al and 500 Tb) at T=300K
is obtained by quenching from liquid of 2000K with cooling rate of 10 11 K/s. One can see that the position and height of pre-peak from DeePMD at T=300K well agrees with the experimental result, as shown in Fig. 8(b) . Other peak positions and heights also agree well with experimental measurement. These results of comparison show that the MD simulation with our developed deep potential can reproduce the atomic structure in the experiment with sufficient accuracy.
V. Summary
In this paper, we have developed an interatomic potential of Al90Tb10 by DeePMD- by deep learning method is reliable to simulate the atomic structure of Al90Tb10 alloy. Fig. 1 . Testing of energy and force prediction of the trained deep neural network model. In Fig. 1(a) and (b), the 1000 snapshots of Al90Tb10 liquid are randomly picked up from the validation data set to test the difference between DeePMD and ab initio results. In Fig. 1(c) Noted that the open data is not included in the training data set, which suggests that the obtained deep potential has ability to predict the formation energy for the unknown Al-Tb structure around composition of 10% Tb. Table. 2. Lattice parameters and formation energies of Al-Tb crystalline phases. In calculation of the formation energy, fcc Al and hcp Tb crystal were taken as the reference states. The top value is reproduced by the DeePMD and the bottom one is calculated by the ab initio method. Fig. 8 . The total structure factor of (a) liquid Al91Tb9 and (b) amorphous Al90Tb10 alloy. To obtain the amorphous Al90Tb10 for simulation, the sample is quenched from liquid at cooling rate of 10 11 K/s. The inset figure shows the pre-peak (around 1.3 Å -1 ) of the total structure factor. It can be seen that the DeePMD well reproduces the position and height of the pre-peak.
